Individual's perceptions about the prevalence of attributes in their social networks is commonly skewed by the limited information available to them. Filter bubbles -being exposed to other like-minded people -and majority illusion -overestimation of minorities in social networks -are two examples of how perception biases can manifest. In this paper, we show how homophily and disproportionate group sizes influence the emergence of perception biases in social networks. Using a generative network model with adjustable homophily and group size, we demonstrate analytically and numerically under which conditions and to what extent perception biases can emerge. We compare these theoretical results with empirical investigations of perception biases in six real-world networks with various levels of homophily and group sizes. Our results show (i) that perception biases can emerge in social networks with high homophily or high heterophily and unequal group sizes, (ii) that these effects are highly related to the asymmetric nature of homophily in networks and that (iii) the perception of nodes is not systematically distorted or enhanced by their degree. Finally, we explore under which structural conditions individuals can reduce their perception bias by taking the perception of their direct neighbors into account. These results advance our understanding of the impact of network structure on perception biases and offer a quantitative approach to address this issue in society.
Introduction
In social networks, an individual's cognitive ability to maintain meaningful social relationships with a large population is fundamentally limited 1 . Furthermore, people seldom draw representative samples from the overall population since they tend to cluster with others with whom they share common interests or attributes. Connecting to similar others, also known as homophily, is considered one of the most fundamental building blocks of social networks 2 . These cognitive and structural limits typically constrain the individual's ability to accurately estimate the prevalence of attributes in social networks (e.g., gender or religion) 3 . As a result, perceptions of the prevalence of attributes can be potentially inaccurate and biased.
Understanding what factors impact perception biases is of crucial importance since they can have effects on human judgment 4, 5 , the self-esteem of groups 6 and social behaviors such as the adoption of behavior and attitudes in social networks [7] [8] [9] [10] [11] [12] . More importantly, a wide perception gap among groups can generate extreme behavior such as violence, in particular among the minority [13] [14] [15] [16] .
In social networks, perception biases can manifest themselves in various ways. A prominent example is the so-called filter bubble, where like-minded people repeatedly interact, reinforcing their own beliefs and opinions 17 . For example, during the U.S. presidential election researchers observed that Twitter users, including journalists, isolated themselves from other users who supported a different candidate, creating strong insular groups 18, 19 . In such segregated communities, each group is exposed to news that strengths their own beliefs and opinions, which may lead to a group-level misperception. This phenomenon is known as one of the reasons why many political pundits failed to predict the result of the recent U.S. presidential election showing a judgmental error caused by the perception bias [20] [21] [22] .
The majority illusion is another type of perception bias that occurs in social networks when a minority of people have a high degree of connectivity, such as journalists, politicians or celebrities. The opinion of the minority is systematically arXiv:1710.08601v2 [physics.soc-ph] 26 Oct 2017 over-represented in the public, creating a majority illusion 23 . In this case the minority opinion can impact the opinion of the majority, since the majority perceives the minority as majority. For example, a survey recently reported that the majority of Europeans overestimate the Muslim population in their country presumably because of a wide exposure of media coverage on terrorist attacks in recent years 24 .
Filter bubble and majority illusion are two examples in which the structure of the social network in the presence of disproportionate group sizes can alter the individual's perception. In fact, many studies have pointed out the importance of group sizes on individual's perception 5, [25] [26] [27] and the effects of degree heterogeneity, degree-degree and degree-attribute correlation on perception biases such as the majority illusion 23 , friendship paradox 28, 29 , and generalized friendship paradox 30, 31 . However, most previous works have overlooked the impact of attribute-attribute correlations (also known as homophily or heterophily) and disproportionate group sizes on the emergence of perception biases.
In this paper, we show analytically and empirically the extent to which attribute-attribute correlation (heterophily/homophily) and disproportionate group sizes impact how accurate individuals can estimate the prevalence of an attribute in their social network. More specifically, we make three contributions. First, we demonstrate the existence of perception biases in six empirical networks with various levels of homophily and minority sizes. Second, we propose a generative network model with tunable homophily and group sizes that allows us to systematically study the perception bias as a function of homophily to explain the perception biases we observe in empirical networks. Through this model we elucidate under which structural conditions majority perceives a minority as the majority (majority illusion) and a minority perceives itself as a majority (filter bubble). Third, we show how the perception biases can be reduced by aggregating individual's perception with neighborhood information.
Quantifying perception biases
In this paper, we focus on networks where nodes have binary attributes (e.g. black/white, male/female) that are unequally distributed in a population, and this leads to the formation of two unequal sized groups. Given the binary attributes, we define a majority and a minority group by comparing their group size such that the majority group is relatively larger than the minority group. Then, we define the perception bias on two levels: the individual-and the group-level.
To estimate the perception bias of a node on an individual-level, P indv. , we assume that node i simply counts how often an attribute appears in its direct neighbourhood to estimate the prevalence of the attribute in the whole population. That means, we assume that nodes perceive the prevalence of an attribute in their direct neighbourhood and only rely on this information to inform their estimate. We focus on the estimation of the minority attribute, since the results for the majority attribute are complementary for binary attributes. Therefore, we measure to what extent the fraction of minority nodes in the local neighbourhood of a node i deviates from the true fraction of minority nodes, f M . For node i, we define the individual-level perception bias as follows:
where k i is the degree of node i, Λ i is a set of neighborhood of node i, x j is the attribute of node i's neighbor j (1 for minority and 0 for majority) and f M is the true fraction of minority nodes in the entire network. The group-level perception bias is defined in a similar way as the individual-level perception bias by aggregating the perceptions of all nodes in a group:
where N g is the set of nodes in a group g. The intuition behind the group-level perception is that the group is considered as one bulk containing all members of the group. In other words, group-level perception reflects the collective perception of the group. This convention makes analytical calculations easier at the group level by using a mean-field approach and has been used in other studies that explored the generalized friendship paradox in networks 30, 31 .
Unless otherwise stated, we will use P indv. and P group to address individual-and group-level perception biases. If it is necessary to distinguish between minority and majority, we will add a superscript such as M for the minority and J for the majority. By this definition, perception bias can vary from 0 to 1/ f M , i.e., P group ∈ [0, 1/ f M ] and P indv. ∈ [0, 1/ f M ]. A perception bias value below 1 indicates an underestimation of the group size, while values above 1 indicate overestimation. If the value equals 1, no perception bias exists and the group or the individual perfectly perceives the true fraction of minority nodes. Furthermore, the perception gap between groups can be defined simply as an absolute difference between perception biases of the two groups: |P J group − P M group |. As an example, Fig. 1 illustrates how we define the perception bias on the individual-level and group-level for homophilic and heterophilic networks. Here, the color of a node depicts its group membership. Orange nodes belong to the minority and blue nodes are in the majority. The central node i estimates the size of the minority group based on the fraction of orange nodes in its local neighborhood (dashed circle line). The individual-level perception bias of the majority node i is (1/6)/(1/3) = 0.5 in the homophilic network ( Fig. 1(a) ), which means that node i underestimates the size of the minority by the factor 0.5. Consequently, it overestimates the size of its own group. In the heterophilic network ( Fig. 1(b) ), the perception bias of node i is (4/6)/(1/3) = 2, implying that the node overestimates the size of the minority by a factor of 2. On a group-level, the majority group (blue nodes) perceives the size of the minority as 4/18 in the homophilic network and 10/18 in the heterophilic network, respectively. Therefore, the majority group underestimates the size of the minority group (4/18)/(1/3) = 0.67 times in the homophilic network and overestimates it by a factor of (10/18)/(1/3) = 1.67 in the heterophilic network.
Generative network model with tunable homophily and group size To gain insights into how perception biases manifest in social networks, we develop a network model that allows us to create scale-free networks with tunable homophily and group sizes 32 . This network model is a variation of the Barabási-Albert model with the addition of homophily parameter h. In this model, the probability that a newly introduced node connects to an existing node i, denoted by p i , is proportional to the product of the degree k and homophily parameter h: p i ∝ hk.
Thus, degree and homophily parameter regulate the probability to connect to nodes that share the same attribute value. The value of homophily ranges from 0 to 1. If the homophily is low (0 ≤ h ≤ 0.5), nodes have a higher tendency to connect to nodes with opposing attribute values. As the homophily parameter increases, the probability of connectivity among nodes with the same attribute increases. In extreme homophily (h = 1) nodes are strictly connecting to other nodes with the same attribute value and therefore two separated communities emerge. One advantage of using this model is that it generates networks with scale-free degree distributions observed in many large-scale social networks. The second advantage is that it generates networks in which the homophily parameter can be symmetric or asymmetric. Given nodes with two attributes, a and b, in symmetric homophily the tendency to connect to nodes of the same attribute is the same for both groups, h aa = h bb = h, therefore one parameter is sufficient to generate the network. In the asymmetric homophily case, two homophily parameters are needed to regulate the connectivity probabilities for each group separately since h aa = h bb . Figure 2 depicts the perception of the minority size from the perspective of the minority group ( Fig. 2(a) ) and the perspective of the majority group (Fig. 2(b) ) for different minority fractions ( f M ) and homophily values (h). The solid lines show the analytical results (see Method section) and the circles are numerical results. The results indicate that in heterophilic networks (0 ≤ h ≤ 0.5) the minority underestimates their own size and the majority overestimates the size of the minority due to high connectivity of minority to majority (majority illusion). The overestimation increases as the minority size ( f M ) decreases. In homophilic networks (0.5 ≤ h ≤ 1), the minority overestimates their own size and the majority underestimates the size of the minority due to high connectivity among members of the same group (filter bubble). The numerical results are in excellent agreement with the analytical results explained in the Method section.
So far, we observe, analytically and numerically, that homophily and group size differences play a crucial role in shaping perception biases in synthetic networks. Next, we explore six real networks with various levels of homophily and group size differences, quantify the perception bias in these networks and examine to what extent our model can capture the perception bias observed in real-world networks.
Results

Perception biases in real-world networks
To examine perception biases in real-world networks, we study six empirical networks with various level of homophily and minority sizes. The network characteristics of the data are presented in Table 1 . The detailed descriptions of the dataset collections and references can be found in the Method section. These empirical networks have different structural characteristics and show different levels of homophily or heterophily with respect to one specific attribute (see the Supplementary section). We measure the symmetric homophily and the asymmetric homophily in all networks. The symmetric homophily is equivalent to Newman's assortativity measure (r) that measures the Pearson coefficient of the edges that exist between nodes with different attribute values compared to what we would expect from their degree 33 . The Newman assortativity measure corresponds directly to the homophily parameter in our model when adjusted for the scale. In our model h = 0 means complete heterophily (r = −1), h = 0.5 indicates no relationship between structure and attributes (r = 0), and h = 1 indicates complete homophily (r = 1) (see the Supplementary section).
The value of symmetric homophily for each network is as follows: h Brazil = 0 in the Brazilian sexual contact network, h POK = 0.15 in the online dating network PussOKram, h USF51 = 0.47 in the Facebook friendship network, h DBLP = 0.56 in the scientific collaboration network, h Github = 0.6 in the Github mutual follower network and h APS = 0.74 in the American Physical Society citation network. Homophily is measured between genders (female and male) except in the APS network in which homophily h APS is measured between different academic fields namely classical statistical mechanics (CSM) and quantum statistical mechanics (QSM).
In reality, the tendency of groups to connect to other groups can be asymmetrical. Given the number of edges that run between nodes of the same group and our model parameters, we can estimate the asymmetric homophily in the empirical networks analytically 32 . As we will see shortly, it turns out that asymmetric homophily has an important impact on the predictability of perception bias in empirical networks.
We use the measured homophily and minority size in the empirical networks to generate synthetic networks with similar characteristics. This will enable the comparison of perception bias in the empirical networks with perception bias in synthetic networks. This comparison can also be seen as a validation of the network model. If the model explains the biases in the real-world networks well, we can use the model to gain insights about how homophily and group size differences impact individual-level and group-level perception biases. Figure 3 shows the group-level perception biases in the empirical networks. Here we measure how accurately the minority and majority groups estimate the size of the minority group. The empirical value of perception bias is shown by the cross signs. As expected from the insights gained from the synthetic networks, we observe that in the heterophilic networks the minority group underestimates their own group size and the majority overestimates the size of the minority. Conversely, in the homophilic networks, the minority overestimates their own size and the majority underestimates the size of the minority. The underestimation and overestimation increase when homophily or heterophily is higher. The empirical perception bias in real-world networks is then compared with perception bias in synthetic networks with similar size and a similar level of homophily.
When using symmetric homophily (triangles in fig. 3), our model does well at estimating perception bias for the majority of networks, except Github and APS networks which exhibit a higher level of asymmetry in the homophily among the groups (see Table 1 ). To investigate whether clustering plays a role in determining the group perception, we modify the synthetic homophilic network model to account for more realistic clustering coefficients similar to the empirical networks. We modify the network model similar to Holme-Kim method in which the connectivity follows the same principle as homophilic network model in addition to closing triads in a stochastic fashion 34 . When correcting for the number of triangles in the model, our results do not show any improvement compared to the network model without correct clustering (see Supplementary material). We then generate the synthetic model with asymmetric homophily (rectangular shapes in fig. 3 ) and observe that the model can estimate perception bias very well for all six empirical networks. This suggests the configuration of our model using asymmetric homophily is capable of estimating perception biases of groups accurately.
In addition, we examine the relationship between the individual perception of nodes and their degree. Here, we address the question whether the accuracy of individual estimates of the minority group size changes as a function of the degree of nodes. More specifically, we explore if high or low degree nodes are better at predicting the size of the minority in a social network. Figure 4 shows the average individual perception versus degree k. Heterophilic networks are shown in the top row and are ordered with decreasing heterophily. Homophilic networks are shown in the second row and are ordered with increasing homophily. We observe that perception bias is rather stable with respect to degree. This suggests that there is no systematic relationship between the degree of a node and the accuracy of its social perception. We do not find any empirical evidence that high degree nodes are better at estimating the prevalence of attributes in their social networks. It is interesting to note that the perception gap between the two groups (i.e. the distance between the blue and the orange line) increased with increasing levels of heterophily and homophily. Although the relation between the degree and the individual-level perception bias does not follow a simple pattern compared to synthetic networks (see Supplementary material), our model (dashed lines) can predict the trend in the data accurately, in particular when we use asymmetric homophily.
Social Influence and Perception Bias
Previous studies suggest that the accuracy of individual judgments can be improved when taking individual's average judgments who are organized in a decentralized network when people make decisions independently or communicate with those who have negatively correlated beliefs 35, 36 . If people inside the group are not independent and can observe the judgment of their peers, then social influence may lead to group thinking and decrease the accuracy of the group, especially in centralized networks 37 .
Here, we investigate to what extent and under which structural conditions individuals can improve their estimates of the prevalence of an attribute in a population by asking their friends for advice. We build on DeGroot's weighted belief formalization by aggregating one's perception (ego) with the averaged perceptions of the individual's direct neighbors (1-hop) 38 and explore how the accuracy of individual's perception changes as a function of homophily. Figure 5 compares the average ego perceptions from the perspective of (a) minority and (b) majority nodes compared with the weighted averages of the perceptions of their 1-hop neighbors. The minority size is fixed to 0.2. The results show that the estimates of nodes in both groups become more accurate in heterophilic networks when nodes take the estimates of their direct peers into account (green dots are closer to the gray dashed line compared to purple dots in the log-scale). The improvement in the perception is due to the fact that nodes are exposed to neighbors with diverse attributes and therefore accounting for the neighborhood perception results in improving the ego perception. In homophilic networks, ego's perception does not show a 4/24 significant improvement when considering the neighborhood perception since nodes are exposed to neighbors with similar attributes.
This suggests that inside their filter bubbles individual's perception cannot be enhanced by their peers since they are similar to them and do not add new information to increase the accuracy of individual's perception. However, in heterophilic networks, individuals benefit from considering their neighbors' perception since they are not only exposed to other like-minded individuals. While the overall trend is not surprising, our results reveal how the accuracy of these estimates changes as a function of homophily.
Discussion
In this paper, we made a first attempt to examine how the structure of a social network driven by homophily can aggravate perception biases of groups and individuals. We focused on the perception of the prevalence of an attribute (e.g. gender) in a social network and assumed that nodes in this network only perceive the prevalence of this attribute based on their direct neighbourhood. We defined perception bias by how accurate individuals and groups estimate the size of the minority in their social network. We showed that depending on the level of homophily, groups overestimate or underestimate the size of the minority group. Therefore, homophily impacts the accuracy of the estimates of individuals in both groups. Concretely, as homophily increases in a social network, nodes of the minority group overestimate their group size, and nodes of the majority group underestimate the size of minorities. In this case minorities are subject to a false consensus since they will overestimate the extent to which their opinions, beliefs, preferences, values, and habits are normal and typical compared to others 39, 40 . On the contrary, majority may ignore the opinion and values of minorities resulting in segregation among groups. Consequently, these differences in values and norms can cause extreme behavior among minorities 16, 41 . In heterophilic networks, individuals of the majority overestimate the size of the minority and individuals of the minority underestimate their own size. This leads to situations in which the majority inaccurately infers the prevalence of a certain behavior in the population which may affect the adoption of specific attitudes, opinions and behavior 42 .
Using six empirical networks with various levels of homophily and minority sizes, we found that perception biases at the level of groups or individuals strongly depends on the extent of homophily or heterophily in social networks. To explain the underlying structural mechanisms for perception biases in social networks, we compared the observed perception biases in real-world networks with perception biases in synthetic networks with tunable homophily and group sizes. We find that our network model can explain the empirical observations very well, especially when asymmetric homophily is assumed. With that, we conclude that one of the most crucial elements in shaping group perception in real-world social networks is homophily which can be symmetric or asymmetric among groups. This finding highlights the importance of considering homophily and group sizes in modeling realistic social networks with attributes.
Our results revealed that in heterophilic networks where individuals with opposing attributes are more likely to be connected, perception biases can be reduced by aggregating individual's perception with the perception of their direct neighborhood to inform their own estimate. In homophilic networks, however, these socially informed estimates do not lead to more accurate perception.
In agreement with previous findings that have pointed out the negative consequences of large perception gaps between groups (in particular for minority groups) 15, 16 , we have shown analytically and numerically that structural segregation and large group size differences can increase perception gaps. Future studies are needed to validate and examine perception biases as social experiments or lab experiments. We hope that this paper offers insights into how to measure and reduce perception gaps between groups and fuels more work on understanding the impact of network structure on individual's perception in society.
Method Analytical derivation for group-level perception bias
Our network model is a generative growth model of graphs with homophily and preferential attachment 32 . Let us refer to the minority as M and the majority as J. K M (t) and K J (t) are the total number of degrees for each group of the minority and the majority at time t respectively. At each time step, one node arrives and connects with m existing nodes in the network. Therefore, the total degree of the growing network at time t is:
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The overall evolution of the degree for each group, K M and K J , in the limit of ∆t → 0 can be written as:
where h is the homophily parameter regulating connectivity among nodes of the same group and h = 1 − h is the complementary homophily among nodes of different groups. In this case the model is only dependent on one h parameter meaning that homophily among members of the same group is symmetric. f M represents the fraction of the minority and f J = 1 − f M is the fraction of the majority. Since K M (t) and K J (t) are linear functions of time they can be written as:
Plugging Eq. 5 into Eq. 4, we get
where C is the growing rate of the degree of minority C ∈ [0, 2]. C is a third-order polynomial function and can be solved numerically (see the Supplementary material). For the minority group, the overall evolution of degree for a node (k M ) is:
Similarly, for the majority group the overall evolution of degree for a node (k J ) is:
In Eq. 7, the first term inside the parenthesis displays the average probability of a connection between a minority node to another minority node and the second term depicts to the probability of a connection between a minority and a majority node. Thus the probability of a minority connecting to another minority is p M,M = f M h/(hC + h (2 −C)). As as result, the group-level perception of minority about their own size, P M group , would be:
The analytical calculation is shown in Fig. 2(a) as solid lines. One can see that the minority reveals larger overestimation in homophily regime (h > 0.5) compared to what we would expect from the baseline. The analytical derivation is intuitive. For example, when f M = 0.5 in an extreme homophily such as h = 1.0, the degree growth is 1 C = 1. Note that even though P M group does not depend on the group size, the relation between the group size and the group perception is encapsulated in the parameter C (see the Supplementary material). In this case P M group = 2 as can be seen in Fig. 2(a) . Similarly, we can compute the perception bias for the majority group P J group as follows:
The analytical P J group are shown in Fig. 2(b) with different minority sizes f M , and match the numerical values very well. Since P M group is strongly proportional to h and P J group relies on h , a reversed relation between Fig. 2 (a) and (b) can be observed. In the case of complete heterophily (h = 0) with C = 1 regardless of f M , P M group and P J group are reduced to
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Relation between individual-level perception bias and degree Here, we investigate the relation between the degree of nodes and the perception bias. We aim to uncover how the degree connectivity of nodes improves or worsen the perception bias. For this, we define degree-level perception, as an average individual-level perception among nodes with the same degree k (Eq. 1). Figure S5 shows the perception bias as a function of degree for majority and minority nodes. Additionally, we show the perception gaps between groups on the last row. To gain insights on the relation between the degree and perception bias in Fig. S5 , it is useful to consider the process of adding links to the generative network model. The link formation in this network is based on the combination of the preferential attachment mechanism that is governed by degree k and the homophily mechanism h. In addition, if the group sizes are unequal that would also lead to differences in the degree growth of the groups. Therefore, three parameters k, h, f M should be considered to explain the relation between the degree and perception bias.
Let us now consider a homophilic network (h = 0.9) with f M = 0.1 as an example (see the red line in Fig. S5(a) and (d) ). The overall trend for the perception of the minority shows that their perception becomes worse as their degree increases. In a highly homophilic network, popular minority nodes can mainly attract other minority nodes, since they cannot compete with popular majority nodes that accumulate much higher degree. For the majority in a homophilic network (red line in Fig. S5(d) ), the perception improves as degree increases. This is because due to a larger size of the majority, the most popular majority nodes occasionally attract minority nodes. As the group sizes become equal, the dependency between degree and perception vanishes and the perception becomes only dependent on the homophily and group size P indv. = 1 f M h. Let us now turn to the heterophilic network case (h = 0.1, f M = 0.1, see the blue line in Fig. S5(a) and (d) ). For minority, the overall trend shows that as degree increases, the perception of the minority becomes worse. This is due to their smaller size and the nature of heterophilic connection, minority's degree can grow large and attract more and more majority and thus the underestimation of their own group size becomes worse. Conversely, for the majority, perception bias improves as degree increases. This is because despite the fact that they are more attracted to the minority since the minority size is limited, higher degree majority have higher chance to attract other majority nodes occasionally and thereby their perception estimation improves. Again, as the group sizes become equal, the dependency between degree and perception vanishes and the perception become only dependent on the homophily and group size P indv. = 1 f M h. These results suggest that there is an interplay between group sizes, homophily, and the degree in the linking process. Considering the perception gap between groups (Fig. S5(g ), (h) and (i)), these results emphasis on the importance of adjusting group sizes or reducing the extreme homophily and heterophily to achieve a lower perception gap between groups.
Empirical networks
The first network captures sexual contacts between sex-workers and sex-buyers 43 . The network consists of 16, 730 nodes and 39, 044 edges. There are 10, 106 sex-workers and 6, 624 sex-buyers (minority size f i = 0.4). In this network, no edges among members of the same group exist, and consequently, the network is purely heterophilic.
The second network is an online Swedish dating network from PussOKram.com (POK) 44 . This network contains 29, 341 nodes with strong heterophily (h = 0.15). Based on the high bipartivity of the network, we are able to infer the group of nodes using max-cut greedy algorithm. The results are in good agreement with the bipartivity reported in 45 . Since the group definition is arbitrary, we label nodes based on their relative group size as 'minority' and 'majority'. Here, the fraction of the minority in the network is 0.44.
The third network is a Facebook network of a university college in the United States (USF51) 46 . The network is composed of 6,253 nodes including information about the gender. In this network male students are in the minority occupying 42% of the network and network exhibit a low gender heterophily 46 .
The fourth network depicts scientific collaborations in computer science and is extracted from DBLP 47 . We used a new method that combines names and images to infer the gender of the scientists with high accuracy 48 . We use on a 4-years snapshot for the network. After filtering ambiguous names, the resulting network includes 280, 200 scientists and 750, 601 edges (paper co-authorships) with 63, 356 female scientists and 216, 844 male scientists. This network shows a moderate level of homophily (h = 0.56).
The fifth network is extracted from the collaborative programming environment Github. The network is one snapshot of the community (extracted 04.08.2015) with information about the first name and family name of the programmers. We use name and family names similar to the previous method to infer the gender of the programmers. After removing ambiguous names, the network comprises of 120, 338 men and 7, 330 women. Here, women belong to the minority group and only represent 5% of the population. The network displays a moderate gender homophily 0.6.
The last network is a scientific citation network of the American Physical Society (APS). Citation networks depict an extent of attention to communities around different scientific fields. We use the PACS identifier to select papers on the same topics. Here, we chose statistical physics, thermodynamics and nonlinear dynamical system sub-fields (PACS = 05). Within a specific sub-field, there are many sub-topics that form communities of various sizes. To make the data comparable with our model,
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we choose two sub-topics that are relevant, namely classical statistical mechanics (CSM -05.20.-y) and quantum statistical mechanics (QSM -05.30.-d). The resulting network consists of 1, 853 scientific papers and 3, 627 citation links. Among nodes, the number of the minority is 696 and for the majority is 1, 157. Here, the minority group in these two sub-topics is CSM ( f M = 0.38). This network shows the highest homophiliy compared to other empirical datasets (h = 0.74). Perception bias is measured in two ways: an individual-level (grey, dashed circles) and on a group-level (grey, shaded area). On an individual-level, in the homophilic network, the central node i perceives the size of the minority to be 1/6 ≈ 16%, while in the heterophilic network it perceives the size of the minority to be 4/6 ≈ 67%. Therefore, in homophilic networks, node i underestimates the minority size by factor of 0.5 and in heterophilic network it overestimates the minority size by the factor 2. On a group-level the majority group perceives the size of the minority as 4/18 ≈ 20% in the homophilic network, and 10/18 ≈ 56% for the heterophilic network. Therefore, the majority group underestimates the size of the minority group 0.67 times in the homophilic network and overestimates the minority size 1.67 times. In other words, depending on the topological structure of the network, perception of individuals and groups about their own and other groups' sizes is distorted. In the heterophilic networks (0 ≤ h ≤ 0.5), the minority (a) underestimates their own size, and the majority (b) overestimates the size of the minority due to the high connectivity between the majority to the minority (majority illusion). In homophilic networks (0.5 ≤ h ≤ 1), the minority overestimates their own size (filter bubble) and the majority underestimates the size of the minority. The insets show the same information on log scale to make the amount of underestimation and overestimation comparable. As group sizes become more disproportionate, perception bias increases. C denotes the degree growth rate of the minority while the degree growth rate of majority is proportional to 2 − C. In this model of network with preferential attachment, homophily, and unequal group sizes, C can be expressed as a polynomial function 32 :
Figures and Tables
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As shown in Fig. S1 , the growth rate of minority is high in the heterophilic regime and it decreases with increasing homophily h. The lowest growth rate is observed when homophily is between 0.7 to 0.9. The smaller the minority fraction f M , the more the growth rate decreases with increasing homophily. The degree-degree (r kk ) and group attribute-group attribute (r xx ) correlation are measured using Newman's assortativity method that is based on the Pearson correlation coefficient 33 . Figure S2 shows the correlation between degree-degree, degree-attribute and attribute-attribute in our homophilc network model. Figure. S2 (a) reveals a strong negative correlation between degrees in heterophilic region. This suggests that large degree nodes (so-called hubs) tend to links to low degree nodes. In homophilic networks, we observe a weak negative correlation representing the connection between nodes with relatively similar degree. As the minority size decreases, the negative correlation increases in the heterophilic region.
The degree-attribute correlation analysis ( cf. ig. S2(b)) shows that in the heterophilic region, the correlation between degree and attribute is positive. This indicates that the minority has relatively large degree in that region. However, the correlation between degree and attribute become negative in the homophilic region since the minority has a smaller degree than the majority. Figure S2 (c) displays the attribute-attribute correlations. Except for very small minority size, this correlation has a linear relation to the homophily parameter in the model such that r xx = 2h − 1. Consequently, we can translate the symmetric homophily in our model to Newman's assortativity measure. Table 2 . Network characteristics of empirical social networks. The number of links, average degree (Avg. degree), average clustering (Avg. clustering), the degree-degree correlation (r kk ), the degree-attribute correlation (r kx ), and the attribute-attribute correlation (r xx ) are represented. Table 2 shows network characteristics of six real-world networks. The number of links is the number of existing edges between nodes in a network. Average degree is defined as the total sum of degree for nodes in a network divided by the total number of nodes. Clustering is defined as the fraction of existing triangles out of all possible triangles in a network. Degree-degree correlation r kk , degree-attribute correlation r kx and attribute-attribute correlation r xx are calculated based on the Pearson correlation suggested by Newman 33 . The heterophilic networks (Brazil, POK, USF51) have negative attribute-attribute correlation. The homophilic networks (DBLP, Github, APS) show positive attribute correlation. DBLP network has the highest average clustering, and USF51 has the largest average degree. Figure S3 shows the heavy-tailed degree distributions of the six empirical networks. We use the power-law package in networkx 49 to fit the distribution and report the exponent of the power-law. To investigate whether clustering plays a role in determining the group perception, we modify the synthetic homophilic network model to account for higher clustering similar to Holme-Kim algorithm 34 . In the modified model, the connectivity follows the same principle as homophilic network model in addition to closing triads in a stochastic fashion. Figure S4 shows the group-level perception in the empirical networks compared with the perception biases that our model produced when using symmetric homophily, asymmetric homophily, and symmetric homophily with clustering. Adding more realistic clustering to the synthetic model does not improve the predictive power of the model. However, when correcting for the asymmetric homophily among groups, the model fits the empirical observations very well. In the homophilic region, the overall trend for the perception of the minority shows that their perception becomes worse as their degree increases. In a highly homophilic network, popular minority nodes can mainly attract other minority nodes, since they cannot compete with popular majority nodes that accumulate much higher degree. For the majority in a homophilic network (e.g. red line in Fig. S5(d) ), the perception improves as degree increases. This is because due to a larger size of the majority, the most popular majority nodes occasionally attract minority nodes. As the group sizes become equal, the dependency between degree and perception vanishes and the perception becomes only dependent on the homophily and group size P indv. =
